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Selection on Inertia Weight of Particle Swarm Optimization

HU Jianxiu, ZENG Jianchao
(Institute of System Simulation & Computer Application, Taiyuan University of Science and Technology, Taiyuan 030024)

Abstract The inertia weight is the crucial parameter of the particle swarm optimization(PSO). It can balance the global search and local search to
improve PSQO’s convergence. This paper analyzes the effect of inertia weight on PSO’s performance. To enhance the global optimality, a few
adjusting methods on inertia weight are put forward. The results on four benchmark functions prove these methods are feasible, and indicate these
methods can improve the global convergence and convergence speed.
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1 Sphere
w
1(0.9-0.4) 50/50 483.0 0.000 086
2(0.8-0.5) 50/50 547.2 0.000 082
3(0.8-0.5) 50/50 7825 0.000 080
4(0.8-0.5) 5/50 978.6 0.001 597
2(0.6-0.4) 50/50 138.3 0.000 082
3(0.6-0.4) 50/50 146.4 0.000 085
4(0.6-0.4) 50/50 139.1 0.000 084
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w
1(0.9-0.4) 15/50 3248.8 1.147 046
2(0.8-0.5) 9/50 31785 1.386 455
3(0.8-0.5) 6/50 4196.0 1.977 152
4(0.8-0.5) 3/50 14233 4215714
2(0.6-0.4) 15/50 2334 1.105 219
3(0.6-0.4) 24/50 2455 0.943 248
4(0.6-0.4) 35/50 28922 0.726 172
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w
1(0.9-0.4) 13/50 2463.1 1.311 295
2(0.8-0.5) 15/50 26209 0.915 040
3(0.8-0.5) 22/50 37026 0.842 470
4(0.8-0.5) 47/50 3188.6 0.130 406
2(0.6-0.4) 1/50 396.0 4.618 336
3(0.6-0.4) 2/50 240.0 4.818 533
4(0.6-0.4) 0/50 — 4.437 515
4 Schaffer
w
1(0.9-0.4) 41/50 453.6 0.001 788
2(0.8-0.5) 46/50 395.2 0.000 829
3(0.8-0.5) 47/50 441.3 0.000 635
4(0.8-0.5) 47/50 385.3 0.000 508
2(0.6-0.4) 24/50 206.5 0.005 077
3(0.6-0.4) 30/50 199.8 0.003 915
4(0.6-0.4) 31/50 191.9 0.003 723
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